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Abstract 
The dry grinding process (DGP) could be considered as a particular complex production system. Traditionally the design of this 
process has been based on heuristics. We attempt to find the nearest optimal design of a DGP choosing the model and number in 
every stage for the machines and buffers that can minimize investment and energy cost with a reasonable service level (SL). To 
solve the problem, a genetic algorithm and a simulation model to evaluate the SL along the time are proposed. The viability of 
the approach has been tested with three real cases and encouraging results have been obtained. 
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1. Introduction 
The grinding processes are designed to reduce raw material size in one or more stages in order to achieve a more 
homogeneous and useful size. This paper is focused on dry grinding process in ceramic plant (DGP) to produce 
bricks, tiles... 
A grinding plant involves very large capital investments and the process is energy intensive. However, the design 
and selection of the main grinding equipment for the factory remains empirical to a significant degree and depends 
mainly on planner’s ability. Significant waste of valuable time, high possibility of making wrong estimations 
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because of manual calculations, limited possibility of studying all the possible alternatives and the absolute 
dependence from "one" and "expert" person are some of the consequences of facing the problem in an empirical 
way.  
In this paper, we consider the selection, type and quantity, of the suitable main grinding equipment for the factory 
[1]. It is obvious that there is a demand to develop a method that allows to find a useful solution, even more because 
energy cost is usually neglected.  We call useful solution the one that brings the lowest investment and energy 
consumption cost as well as satisfies the production and granulometry needed in the process.  
Moreover, it must be ensured that the material flow value (Tm/h) at the last stage of the process is equal to a 
value previously fixed. Therefore, it is necessary to calculate the Service Level (SL). This parameter measures the 
relationship between real and desired production for a long period. 
For this purpose, we are going to develop a genetic algorithm (GA) to optimize the solutions to the problems 
proposed and also we are going to simulate these solutions in order to test their fitness. 
This paper is organized as follows. Section 2 presents the literature review. Section 3 explains how the dry 
grinding process work and what we are going to optimize it. Section 4 develops the genetic algorithm. To 
demonstrate the effectiveness of the methodology, section 5 present the features of the examples serving as a test 
bench. In Section 6 we present the conclusions.  
2. Literature review 
Selecting the proper equipment can improve production process, increase the production and improve the system 
flexibility [2]. Moreover, miscalculate the equipment could lead to fail to achieve the required quality levels and 
capacity required by the client [3]. The integration of the plant scheduling in the early stage of the plant design is 
essential to improve the economic goals. Therefore, the design of new processes or plants must take into 
consideration the interplay between the planning and scheduling aspects of the production. This trend motivated the 
formulation of even more complex optimization problems in an attempt to determine simultaneously the optimal 
plant sizing and scheduling. Several approaches have been reported in the literature to model and solve this class of 
problems. See for instance the reviews [4], [5], [6] proposed a two stage approach for the design of single product 
batch/semicontinuous plants. The design problem is divided in two parts: the plant network synthesis subproblem 
and the sizing subproblem. These problems are solved adopting an evolutionary strategy, and using an approximate 
method. 
These plants operate with a single product in a semi-continuous way and the goal is to size the machines that fix 
the manufacture-scheduled program. Works related with these items can be found in [7], [8], [9] and [10]. 
The sizing problem consists of selecting the type and number of machines and the buffer size in each stage. The 
selection is based on the commercial model existing in the market and others production variables, especially the 
theoretical production. The typical sizing problem is replaced by a function that considers both, the process cost 
(equipment and energy consumption) and the production performance expressed as a Service Level.  
To calculate the Service Level, it is necessary to simulate the process. Therefore, we need a discrete time 
representation. [11] shows and justifies models that discretize the time and variable to control states at each moment. 
However, discrete-time formulations may require a large number of time slots to represent accurately a problem. 
This in turn requires a large number of binary variables associated to each discrete-time interval, leading to 
problems of higher dimensionality, and often with elevated computational times. 
Highest energy consumption occurs in the grinding itself. The three laws of comminution [12] are applied to 
calculate the energy consumption. A small but not insignificant percentage is consumed in transporting the material 
by conveyor belts.  
This kind of problems is NP-hard, so we are going to use a genetic algorithm in order to optimize the search. 
Genetic algorithms carry out searches using the simulation processes, natural selection and genetic recombination. 
They are based on the genetic processes of living organisms: through generations populations evolve in nature 
according to the principles of natural selection and the survival of the strongest. This algorithm principles where 
introduced by [13] and have been well described by [14], [15], [16] y [17]. The use of genetic algorithms in similar 
problems can be found in [18]. Uses of the GA with multiobjetive in similar problems of equipment selections can 
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be found in [19] where the two goals are to minimize the cost and the makespan. Other used examples of the genetic 
algorithm used in scheduled and plant optimization can be found in [20]. 
3. Problem description 
3.1. Dry grinding process: Equipment 
The basic dry grinding process (DGP) consists of six sequential stages (Figure 1). It's a pull process where every 
stage claims material to the previous stage when it run out of material to work with or when the level is below a 
fixed parameter. The goal is to obtain a continuous and uniform material flow in the extruder although the crushers 
that are fed batch by batch.  
Fig.1. Basic dry grinding process 
In this section we describe the general characteristics of the system. Each stage (k=0.. 5) consists of a set of 
identical machines (Mk) and other set of hoppers (Tk). Then we will explain the different stages along with their 
equipment are included as well as the different parameters that deal with them. Let's use an example to clarify the 
process. 
The extruder or stage k=0 is the customer's process. This machine produces the bricks of a fixed cross-sectional 
profile. The clay mixed with the water is pushed through a die of the desired cross-section. The extrusion must be 
continuous and the water-clay proportion must be perfect so the machine needs to be fed with a fixed production 
(Pk=0=P0, Tm/h) and granulometry (k=0=0, mm). The client fixes both parameters in order to deal with the 
required product he wanted to manufacture, for example Pk=0=P0=100 Tm/h and k=0=0=20mm.  
The granulometry is a complex curve that describe the grain size distribution present in the sample. Here, 
however we are going to simplify the concept assuming a diameter that represent the 80% of the material that pass 
the corresponding sieve. 
The primary feeders (M1) form the stage k=1. These special conveyors are designed for regular continuous and 
controlled dosing and storage of material. Every one of them is under its hopper (T1) and extracts from it the 
material to dose exactly the production needed for the extruder. They can adapt its individual production in a range 
of 0.6 and 1.4 of the nominal production when the number of the feeders working change. The hoppers are provided 
with level detector: minimum, maximum and reserved to control when they demand material to the previous stage or 
when they cannot work. 
For instance, if there are two primary feeders in this stage, each one could have a nominal production 
Pink=1=Pn1=71.4 Tm/h (Pmax1=100 Tm/h; Pmin1=42.8Tm/h) and one hopper of 4 m
3 of capacity 
The hammer mills (M2) form the stage k=2. They are composed of devices to break clay into smaller pieces by 
the repeated blows of little hammers that also forced the material to pass through a perforated plate. They produce 
uniform aggregate size for extruder purposes. We apply the Bond Law [21] to calculate the needed grinding work 
against the grain size changing (1), where E is the net specific energy, K1 is an empirical constant and f and p are 
the feed and product size indexes, respectively. 
E=K1 ቌ 1ට∅p
-
1
ඥ∅fቍ  (1) 
The size of the perforations made in the plate depends on the granulometry needed in the extruder. The hammer 
mill is provided with a little hopper (T2) with the same level detector that T1. Each model has a fixed nominal 
production. In fact, these production changes depend on the size of the holes in the plate.  Normally the production 
Quarry Crushers Secondary Feeders 
Hammer 
Mills 
Primary 
Feeders Extruder 
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doesn't fit exactly with the production needed so we must storage the production in the primary feeder hoppers, T1, 
that are the ones who command the hammer mills to produce. 
For example, we can choose to place one hammer mills with Pnk=2=Pn2=150 Tm/h and one hopper with 1 m
3 of 
capacity; or two hammer mills with Pnk=2=Pn2=60 Tm/h each with one hopper of 2.4 m
3 of capacity. 
In the stage k=3, there are another feeders called secondary feeders (M3) that feed the hammer mills and they 
work in a similar way to the primary feeders.  In this case, it isn’t necessary to feed the right amount of material at 
hammer mills because there are hoppers T2, and usually they give an extra production to keep it working and fill in 
the hoppers. This extra value is called production multiplication and must be determinate in the design process. 
For example, it’s possible to place one secondary feeder in this stage with a production multiplier of 1.5 over the 
target production that means a nominal production Pn3=150 Tm/h (Pmax3=210 Tm/h; Pmin3=90 Tm/h) with one 
hopper with a capacity of 3 m3. 
The crushers (M4) of the stage k=4 are suitable for the primary crushing of material coming from quarries.  It is 
their function to reduce its original irregular size to uniform sizes below 80 mm so that the material may be properly 
batched and stored. It's provided with a hopper (T4) that is fed by trucks or wheel loaders. 
We can decide the size of the clay that goes out the crushers in the design stage (4). This size will take influence 
in the crusher production, the energy consumption in the crusher but also in the energy consumption in the hammer 
mill. Furthermore the granulometry will determinate the bulk density of the clay and therefore the capacity of the 
hoppers. The Kick Law [22] is needed in order to estimate the energy needed in the crushing process (2), where E is 
the net specific energy, K2 is an empirical constant and f and p are the feed and product size indexes, 
respectively.  
ܧ ൌ ܭଶ݈݊ ൮׎௙ ׎௣൘ ൲   (2) 
In the example, we will chose three crusher model with a P4=40 Tm/h and 4=80mm. 
The last stage k=5 is the quarry. The clay o raw material has a granulometry defined that became one of the 
information needed to start the design. We assumed that there are only two ways to bring the land: trucks that can 
load 20 m3 every 25 minutes or wheel loader that can load 2 m3 every 5 minutes. The method selected will depend 
on the T4 capacity. In this example, the initial granulometry has a value of 5=250mm. 
Between every stage there are conveyors to transport the material. The width depends on the production and the 
length depends on the height of the hopper to have to carry the material. 
3.2. Process Parameter 
When the customer orders a new grinding plant, fixes the input parameters according to their requirements: 
P0 [Tm/h]: Continuous production in the extruder. 
0 [mm]: clay granulometry necessary to manufacture the bricks or tiles. 
And it's subjected to 
5 [mm]: raw material granulometry. 
There are also two important details to design the DGP: the bulk density and the waste material. The bulk density 
depends on the granulometry and as the granulometry is changing in the process the density also does it. Based on 
the enterprise experience we estimated that it changes as shows (3): 
Uk[Tm/m3]=1.060144-0.00114· k [mm]  (3) 
On the other hand, there is some material wasted in the transport process between machines. This parameter is 
called waste material, w[%]. Its value range between 2% and 10% of the material transported and depends on the 
quality of the machine installation and it is difficult to avoid it. 
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Therefore, we will select a set of machines and hoppers taking account all of these parameters for every stage. 
Consider a set Mk={1...nk} of machines feasible in the stage k (k=1...4) with nk as maximum numbers of machines 
eligible in such a stage. Tik,k is the set of hoppers feasible for every machine in the stage k, with ik Mk and hik,k as 
maximum numbers of hoppers eligible in such a stage and machine. 
The problem can be described as the machine and hopper selection in every stage (k=1...4) and also as their 
quantity. The decision variables are: xi
k=1if in the stage k we selected the i model machine (i=1..nk); yi,jk=1if in the 
stage k we selected the i model machine (i=1..nk) and the j model hopper model (j=1..hik,k)to be; and finally qk is 
quantity of the machine-hoppers that had been place in every stage. 
Furthermore, we should also choose two operating variables, as discussed above. The first one deals with the 
diameter of the clay that gets out the crusher, ׎k=4. We consider a set {B} = {b1,b2...bmax}.  The last variable is the 
production multiplier for secondary feeders and we consider a set {A} = {a1,a2...amax}. 
The material is moved and elevate between stages by belt conveyors. These conveyors are sized according to the 
production and the different heights between the stages. Cost and energy consumption according to these 
dimensions are calculated. 
3.3. Problem objectives 
In the classical problem, the single objective involved in the process design is the minimization of equipment 
cost. However, it’s necessary to consider additional criteria than just equipment. In particular, the company's need to 
assure real production and to reduce the energy cost. Hence, consistent with the priorities of the company, the 
following criteria are taken into account: minimize the equipment cost, minimize the energy cost and maximize the 
service level. 
The equipment cost is calculated as the sum of the cost of each machine and each hopper placed at different 
stages and the entire conveyor belts. It’s important to note that this kind of grinding process cost over 300.000€ and 
easily can reach 3.000.000€ without considering the energy cost. 
Moreover, it must be ensured that the material flow value (Tm/h) at the last stage of the process is equal to a 
value previously fixed. Therefore, it is necessary to calculate the Service Level (SL). This parameter measures the 
relationship between real and desired production for a long period. 
In the majority of cases, if the real production were equal to desired production (P0, Tm/h) at each moment, the 
process cost would be excessive. For this reason, the client reduces its expectations and to reach a 100% level of 
service is a goal and not a restriction. Thus, we are going to express that with the Service Level (4), defined as the 
relationship between the real production and the expected productionfor a long period. 
ܵܮ ൌ ௉ோೝ೐ೌ೗௉ோ೚್ೕ೐೟೔ೡ೐ ൉ ͳͲͲ  (4) 
We define a parameter to penalise the difference between reality and expectations because in the present case the 
SL is a goal. 
ܲܧ ൌ ൝
ͳǡ݋ݐ݄݁ݎݏ
ͳ ൅ ͳͲͲ ൉ ݈݋݃ ቀௌ௅೚್ೕ೐೟೔ೡ೐ௌ௅ೝ೐ೌ೗ ቁ ǡ ܵܮ௥௘௔௟ ൏ ܵܮ௢௕௝௘௧௜௩௘
 (5) 
The problem objective function is: 
Min Z=(C + w*E)*PE   (6) 
Where C is the amount of the costs of all equipment: feeders, hammer mills, crusher, conveyors and hoppers, w is 
the energy cost and E is the sum of the energy consumed over 10 years for this equipment, considered as a usual 
payback period of the investment. 
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4. Genetic Algorithm 
4.1. Previous issues 
The aim of this part of the study is to evaluate the scale of the problem. Taking into account our experience, we 
could restrict the quantity of machines working in parallel in every stage to 5, and also to 5 the numbers of machine 
and hoppers models available in every stage. Also, if {A} = {a1,a2,a3,a4,a5,a6} or production multiplier for secondary 
feeders, and {B} = {b1,b2,b3,b4,b5} diameter of the clay, then we find 4.500 millions of solutions and if only 1% are 
feasible we still have 45 millions of solutions to explore.  
The real production for a long period needs to be assessed to calculate the SL of process designed. The process 
behaviour is difficult to predict although the parameters are deterministic. For that, we have programed a simulation 
model in order to evaluate the behaviour of the difference solutions.  The model has been developed using Matlab®. 
The time computation to every simulation experiment takes about 45 seconds.  
4.2. Algorithm description 
In order to solve problem we propose a genetic algorithm. Genetic Algorithms (GAs) are adaptive heuristic 
search algorithms based on the principles of biological evolution. They use the ideas of reproduction and selection in 
populations to produce good solutions to complex optimization problems. Candidate solutions to the optimization 
problem play the role of individuals in biology. 
GAs encode each potential solution as a string of symbols called a chromosome. Each position of a symbol in the 
chromosome is called a gene and its value is called the allele value. Then, crossover and mutation operators are 
applied to these structures so as to preserve critical information based on their fitness. The fitness gives each 
chromosome a score based on how well it performs, usually through the evaluation of the objective function of the 
optimization problem. An implementation of a GA starts with a randomly generated population of chromosomes 
whose fitness is evaluated. The population evolves to create offspring by combining chromosomes from the current 
population using a crossover operation and modifying them by using a mutation operation. Having evaluated the 
fitness of the new chromosomes, a selection operation allows some of the parents and offspring to survive to the 
next population. This process continues through successive iterations of the algorithm until a number of populations 
have been produced or a suitable solution has been found depending on the stopping criterion. 
In this problem, each chromosome disposes of 14 genes and is encoded as a vector of integers (7). 
{qk=1,ik=1, qk=2,ik=2,, a, qk=3,ik=3, qk=4,ik=4,b,jk=1, jk=2,jk=3,jk=4} (7) 
Where qk is the number of units in the stage k, ik is the position of the machine model selected in {Mk} or set of 
machines available in the stage k; jk is the position of the hopper selected in the set Tik,k; a is the position of 
production multiplier in the set {A} and finally, b is the position of the diameter of the clay that gets out the 
crusher. 
The different parameters that control the algorithm are: 
Initial population: Based on [23] we decided that the population is formed by Npob individuals and the initial 
population is formed by randomly generated Npob chromosomes. All the initial solutions must fulfil the static 
constraints (for example, the sum of equipment nominal production of each stage t required production in the 
extruder). 
Parent selection: Based on the chromosome fitness, we use the elitist strategy to select the Nfat 
best chromosomes of population to be combined. 
Crossover: The crossover operator represents the process by which chromosomes selected from a population are 
combined to form offspring which are potential members of a successor population. In the algorithm we apply a 
mixed method based on the Fit-weak method: the best individual with the worse. The probability of every stage to 
switch is 50%. 
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Mutation: Once a new chromosome has been created, the mutation operator is applied to them. Each individual is 
selected for the mutation operation with a probability of 0.8. Latter, 3 genes can be randomly selected and its allele 
value is switched. 
At every stage, we proceed to simulate all the solutions not yet evaluate to calculate the fitness function and to 
eliminate all solutions not unavailable. 
Selection: Finally, some of the parents and offspring are allowed to survive by applying the selection operator. 
Based on the chromosome fitness, we use the elitist strategy that selects the best Npob chromosomes from current 
iteration to the next (without repetition). 
After the stopping condition of the algorithm is met, the chromosome with the least fitness value will be selected 
and the associated feasible solution of the problem will be provided as the solution of the problem. 
5. Testing Bench 
A computational experiment has been conducted in order to analyse the performance of the proposed 
methodology and to test the viability of the approach using realistic data. The problems presented are based on three 
real cases considered by a Spanish company dedicated to design facilities for the ceramic industry. The client 
requirements or input parameters are displayed in Table 1. They present three different production requirements. 
Traditionally, everyone would assume that A is the most expensive, but taking into account energy consumption, the 
perspective changes, and the size reduction can be crucial. The information regarding the cost, capacity and 
production of the machines is provided by the company 
Table 1. Case Studies 
Case P [Tm/h] SL [%] Ø0 [mm] Øi [mm] 
A 150 90 10 200 
B 100 100 20 250 
C 50 100 0.5 350 
 
For each case, we have calculated the solution including or not the energy cost, and 5 runs of the instance were 
done. The results of the experiment are listed in Table 2. The performance of the algorithm has been measured in 
terms of the median objective function value of the solutions. 
Table 2. Algorithm results of the illustrative instances 
Case Energy cost? C [€] E [MW] w·E [€] Z [€] SL [%] 
A No 1045131 27182 1589332 2634463 91.9 
A Yes 1050002 25844 1511099 2561101 94.3 
B No 859230 11693 683690 1542920 100 
B Yes 895300 10585 618905 1514205 100 
C No 623971 59676 3489256 4113227 100 
C Yes 644609 58253 3406053 405662 100 
 
As we expected the equipment is directly related to the production needed. However, despite there is a relation 
between the energy and the production, the amount of size reduction can be critical in the global cost. It has been 
shown that there are high possibilities of making wrong estimations when the energy cost is not considered.  
The answers identified by the algorithm are consistent with the traditional use, it shows that the hoppers in the 
crusher are important but it's possible to have a well-balanced line without hoppers within the rest of the machines. 
Maybe the most important difference with the current practice is that isn’t very common to put 2 crusher working in 
a parallel way but that could be a good idea to improve some process.  
6. Conclusions 
We have developed a consistent and objective method that allows us to find good and proved solutions to the dry 
grinding process. With that tool the information that the designer has in his table in order to take a decision is more 
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accurate that has ever been before. In order to solve this problem, a genetic algorithm has been developed. This 
eliminates the dependence from the "expert" person and its empirical methods. Also, we have included, as a novelty, 
the energy consumptions in the dry grinding process. By taking into account energy consumption we can improve 
the design orienting it towards energy cost savings. 
In future studies it would be interesting to approximate the behaviour of the machines to reality. Changing, for 
instance, the crusher and hammer mill production with the size reduction the differences between doing the 
optimization with or without the energy cost could be significant. 
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